Nebojša M. Maleševiü, PhD student, is with
I. INTRODUCTION
ECENT trends in Biomedical Engineering indicate widening possibilities in utilizing surface multi-pad electrodes in Functional Electrical Stimulation (FES) or Functional Electrical Therapy (FET) [1] [2] [3] . Many studies addressed electrical behavior of multi-pad stimulation by analyzing the current density under surface stimulation electrodes based on computer modeling, in vivo or in vitro experiments [4] [5] . Sagi-Dolev et al. [6] analyzed the current density under surface stimulation electrodes with the aim to develop a method that will eliminate the problem of simultaneous activation of Flexor Carpi m. when Flexor Digitorum Superificialis m. and Flexor Digitorum Profundus m. are activated, which usually occurrs during externally controlled grasping, and activation of afferent pathways (reflex reactions) when trying to control prehension. In the same work a substantial variation in the position of innervation points from one to the next individual is demonstrated. As a follow up, in order to incorporate multi-pad electrode in clinical praxis or home use advanced automatic algorithms development was crucial. Fuji and colleagues [7] proposed the electrical stimulation system with trained super-multichannel surface electrodes, but there was no follow up of this work. Elsaify with colleagues suggested the method of using the muscle twitch response [8] for selecting of the optimal electrode which was created from several conventional single contact electrodes. The group from ETHZ, Zurich [9] presented the procedure for selective stimulation based on detailed model based analysis. This research provided evidence about the best size of the contact and distance between the contacts within the multicontact electrode positioned on the skin. The group from University of Limerick, Ireland [10] demonstrated that the multi-contact electrode is leading to better selectivity during stimulation and presented the procedure how to select among the contact based on sensors information. Our research encourages use of multi-pad electrode in home, clinical and researching domains. In this paper we address problem of fast optimizing of active contacts within multipad electrode in task specific applications. Spatially close muscles of forearm demands highly selective electrode implicating large number of small pads within multi-pad electrode. We derived a method to automatically detect pads which, when stimulated, result in wrist flexion. Our method employs an accelerometer mounted on hand and optimization algorithm. Muscle twitch response was chosen because of its relatively quick and reliable occurrence following single stimulation impulse, correlated with muscle force elicited during continuous stimulation [11] .
II. MATERIALS ANDMETHODS

A. Subjects
The experiments included 3 subjects with no known neurological disease history. All subjects signed informed consent approved by the local ethics committee.
B. Experimental Procedure
The tests were designed to measure the influence of the stimulation point on the twitch response in the hand, with a minimal number of sensors. train the neural network to distinguish between types of movement in hand: wrist flexion, finger flexion or none. Movement was recorded with ADXL 330 accelerometer placed on the dorsal side of the hand, as shown in Fig.1 . For the stimulation we used FES module, which produced monophasic, current controlled pulses. The pulse duration was 250µs and amplitude was set to produce the visible movement in the wrist and fingers. The anode was the Pals Platinum, 4x6 cm oval electrode, and a custom made multipad electrode called INTEFES was used as a cathode. Electrode controller (PIC 18F4520) set a pad within multipad electrode to active state in a predefined manner. Each pad was activated with a single stimulation pulse 9 times in a row and a response was recorded. All 16 pads of INTEFES electrode were activated consecutively. The experiment was repeated for each subject several times, and the INTEFES electrode was always placed in a different manner to include the variability of the motor point position assessment. Data were acquired by NI USB-6212 A/D card at sampling rate of 1 kHz, and recorded by a custom made program in Matlab.
C. Data Analysis and Use of ANN
Recorded data were filtered with a moving average filter in 30 points to obtain smooth signal. Additionally, we removed DC value and down sampled accelerometer signal to 400 Hz (Fig.3) . This happens because different portions of a muscle are stimulated; consequently we can't establish general threshold in order to separate twitches originated in different muscles. It is noticeable that movement induced in wrist results in single sinusoidal mechanical wave as opposed to double belly wave if finger flexor is activated. We exploited this characteristic in order to automatically distinguish these two possible outcomes during forearm stimulation. One of the obstacles in this classification methodology is variability of waveform amplitudes, phases and characteristic features in subsequent intra-subject and particularly in inter-subject measurements. Because of this, we decided to employ generalizing ANN to overcome inconsistencies in measured waveforms.
First 80 samples (200ms) after each stimulation pulse (trigger) were used as input to a neural network (Fig.4.-5.) . Using less than 80 samples (40, 20 or 10) decreased network performance, while using more samples didn't produce any better results. This time window (200ms) permits extraction of induced muscle twitch out of voluntary movement. Perceptron neural network comprised 80 inputs (80 samples) and 2 outputs (wrist or finger flexion). The network was trained with one set of data from one subject and tested in all other data sets. Additionally, we tested the same network performance in case where inputs were previously differentiated in order to emphasize characteristic waveform slopes. 
III. RESULTS AND DISCUSSION
Perceptron ANN achieved 100% accuracy on trained data set. Trained ANN was than tested on all data sets, Table 1 . As shown in Table 1 , differentiation didn't produce any significant improvement in network performance. In both cases intra-subject classification exceeds 90% (93 ± 5 % and 94 ± 5%) which, when using 16 pad electrode, means that one pad is incorrectly classified. When we tried to classify signals obtained from other two subjects accuracy dropped to 78 ± 8 % for raw data and 79 ± 6 % for differentiated data. Inter-subject mechanical characteristics showed to be an obstacle for making a general ANN for optimizing multi pad electrode based only on one input signal.
IV. CONCLUSION
Presented method for fast optimization of multi-pad electrode relies on muscle twitch response to single stimulation impulse. This property significantly shortens time needed to select pads within multi-pad electrode which activate desired nerve beneath. By using only one axis of one accelerometer we achieved high degree of accurate classification in intra-subject test. Inter-subject test produced not as good results at classification, implicating importance of adapting ANN to every person to meet individual mechanical characteristics. Other possibility to improve degree of accurate classification is employment of more than one sensor, e.g. 6 sensors located on every finger and wrist. In this way we could obtain more information concerning resulting movement and activated muscle which could be used to train ANN or even rule-based algorithm.
